
 

Repositório ISCTE-IUL
 
Deposited in Repositório ISCTE-IUL:
2022-05-19

 
Deposited version:
Accepted Version

 
Peer-review status of attached file:
Peer-reviewed

 
Citation for published item:
Silva, B., Moro, S. & Marques, C. (2021). Sensing the impact of COVID-19 restrictions from online
reviews: The cases of London and Paris unveiled through text mining. In Reis, J. L., Parra López, E.,
Moutinho, L., and Santos, J. P. M. dos. (Ed.), Marketing and Smart Technologies. Smart Innovation,
Systems and Technologies. (pp. 223-232). La Laguna: Springer Singapore.

 
Further information on publisher's website:
10.1007/978-981-16-9268-0_18

 
Publisher's copyright statement:
This is the peer reviewed version of the following article: Silva, B., Moro, S. & Marques, C. (2021).
Sensing the impact of COVID-19 restrictions from online reviews: The cases of London and Paris
unveiled through text mining. In Reis, J. L., Parra López, E., Moutinho, L., and Santos, J. P. M. dos.
(Ed.), Marketing and Smart Technologies. Smart Innovation, Systems and Technologies. (pp. 223-
232). La Laguna: Springer Singapore., which has been published in final form at
https://dx.doi.org/10.1007/978-981-16-9268-0_18. This article may be used for non-commercial
purposes in accordance with the Publisher's Terms and Conditions for self-archiving.

Use policy

Creative Commons CC BY 4.0
The full-text may be used and/or reproduced, and given to third parties in any format or medium, without prior permission or
charge, for personal research or study, educational, or not-for-profit purposes provided that:

• a full bibliographic reference is made to the original source

• a link is made to the metadata record in the Repository

• the full-text is not changed in any way

The full-text must not be sold in any format or medium without the formal permission of the copyright holders.

Serviços de Informação e Documentação, Instituto Universitário de Lisboa (ISCTE-IUL)
Av. das Forças Armadas, Edifício II, 1649-026 Lisboa Portugal

Phone: +(351) 217 903 024 | e-mail: administrador.repositorio@iscte-iul.pt
https://repositorio.iscte-iul.pt

https://dx.doi.org/10.1007/978-981-16-9268-0_18


Sensing the impact of COVID-19 restrictions from online 

reviews: the cases of London and Paris unveiled through 

Text Mining 

Bruno Silva1, Sérgio Moro2 and Catarina Marques3 

1 ISCTE – University Institute of Lisbon, Lisbon, Portugal 
brmsa@iscte-iul.pt 

2 ISCTE – University Institute of Lisbon, Lisbon, Portugal 
sergio.moro@iscte-iul.pt 

3 ISCTE – University Institute of Lisbon, Lisbon, Portugal 
catarina.marques@iscte-iul.pt 

Abstract. This study aims to understand how the COVID-19 pandemic affected 

the hotel sector and to identify the current traveler demands. The traveler’s re-

views were analyzed based on sentiment analysis and a guest satisfaction model 

was also proposed, demonstrating a data mining approach within tourism and 

hospitality research. Given its popularity, TripAdvisor was the chosen platform 

for collection of hotel reviews in London and Paris. Text data were extracted 

from reviews made in two time periods, before and during the COVID-19 pan-

demic. The sentiment and specific aspects highlighted by travelers were com-

pared between each period. 

Keywords: Text mining, Sentiment Analysis, Tourism, hotel traveler’s online 

reviews, COVID-19 pandemic. 

1 Introduction 

Over the past years, we have witnessed a notorious increase in the number of text 

reviews made in several online accommodation platforms following the exponential 

growth in tourism (Chan et al., 2021). However, during the year of 2020 as the 

COVID-19 pandemic continued to spread, the online reviews amount has completely 

changed, namely with the drastic decrease of travel research (Uğur & Akbıyık, 2020). 

COVID-19 pandemic brought a radical change in people’s lives with many economic 

sectors severely impacted. Tourism was one of the most affected business sectors 

contrasting with the steady growth seen over the years (Chan et al., 2021). For this 

reason, it is now extremely important to help tourism, and more specifically hotels, to 

understand how COVID-19 affected the sentiment of travelers during their stays. The 

present research aims to identify a gap on subareas within tourism on which data sci-

ence has not yet been applied. In more particularly this investigation will focus on 

data mining on online reviews from the TripAdvisor platform, written during 
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COVID-19 pandemic, to understand what travelers are seeking and what demands 

they now have. The TripAdvisor reviews were collected from two capital cities, Lon-

don and Paris, for being very similar in terms of tourism characteristics, focusing on 

findings answers essentially for one main question: “How is the effect of the pandem-

ic being perceived by visitors to major European capitals severely affected by 

COVID-19?” 

2 Literature Review 

2.1 Sentiment Analysis and the impact of COVID-19 

Sentiment analysis is a natural language processing tool that is useful for monitor-

ing Web 2.0 applications, as it can reveal public opinion about numerous issues with-

out requiring satisfaction surveys (Valdivia et al., 2017). The interest in sentiment 

analysis has increased significantly over the last few years due to the large amount of 

text stored in Web 2.0 applications and the importance of online customer opinions 

(Valdivia et al., 2017). As a result, more than 1 million research papers contain the 

term “sentiment analysis” and various start-ups have been created to analyse senti-

ments in social media companies (Valdivia et al., 2017) . 

The spread of the COVID‐19 global pandemic has generated an exponentially mount-

ing and volume of data that can be harnessed to improve our understanding of big 

data management research. It is also applied in the need among scholars, practitioners 

and policymakers for a better and deeper understanding of a range of analytical tools 

that could be utilized to better anticipate and respond to such unforeseen ‘black swan’ 

events and risks. (Sheng et al., 2020). 

 

2.2 Conceptual framing and research hypothesis 

Based on other studies that identified a list of dimensions drawn from quantitative 

features known to influence customer satisfaction under the context of TripAdvisor, 

the list below (Table 1) was considered, as well as a proposal for a guest satisfaction 

model to illustrate a data mining approach within tourism and hospitality research.  
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Table 1. List of considered dimensions for this study 

Dimension Reference 
Services (Chan et al., 2021) 

Amenities (Moro et al., 2019) 

Health measures (Chan et al., 2021) 

Hotel facilities (Moro et al., 2019) 

Location (Chan et al., 2021) 

Value/price (Chan et al., 2021) 

Cleanliness (Moro et al., 2019) 

Type of travel (Moro et al., 2019) 

Hotel prestige (Moro et al., 2019) 

Seasonality (Moro et al., 2019) 

 

 Restuputri et al. (2021) published a research comparing the staff service quality, 

operational, technical logistics service providers, with customer satisfaction and loyal-

ty during the COVID-19 pandemic. In this study they refer that an employee must be 

reliable, punctual and careful at work. An employee must also have effective commu-

nication skills, be courteous and ready to serve. The quality of operations service from 

source to customers must be well-coordinated, on time and with appropriate transpor-

tation capacity so no damage occurs to the customer’s property. In the end he con-

cluded that a good relationship between staff, operational and technical services is 

crucial for a good perception of customer satisfaction and loyalty to the services pro-

vided by hotels. 

Based on the above, the main hypotheses tested in this research was:  

H1: Hotel guests appreciate safety concerns by hotels and express about them in 

online reviews. 

Big crisis affects the macro-environment that brings big changes in customer behav-

iors and hotel performances  (Chan et al., 2021). The outbreak of COVID-19 has 

brought changes in guest experiences at hotels as customers usually describe their 

experiences and feedbacks after their stays in the form of user-generated content, such 

as online reviews which are then used by practitioners to understand the nature and 

structure of guest experiences (Chan et al., 2021). Since hotels are customer-centric 

that should keep up with customer preferences and requirements, it is essential to 

understand the impact of COVID-19 and track the changes of guest experiences 

brought by the same (Chan et al., 2021). 

3 Methodology 

The aim of this investigation is to propose a guest satisfaction model by seeking 

any available data and to illustrate a data mining approach within tourism and hospi-

tality research. One of the methods utilized was based on the identification and analy-

sis of a list of specific dimensions drawn from quantitative features known to influ-

ence customer satisfaction under the context of TripAdvisor (Moro et al., 2019). 
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The method used for this investigation is based in a problem resolution paradigm 

that contains several activities (Alexandre, 2017): 

Problem identification and motivation was the first step which defines that the artefact 

must be viable, that is, it must provide a solution to the research problem. In the pre-

sented case, it will be produced in the form of a method to study the impact of 

COVID-19 restrictions on the TripAdvisor reviews from 2 foreign locations very 

similar in terms of tourism characteristics. Chosen the platform for the data extraction 

it was necessary to define the solution objectives, which must be achievable, in addi-

tion of the need to understand if this analysis could identify a research gap in the utili-

zation of data mining in tourism. 

The third step, Development, involved the current creation of the artefact defined in 

the first step, that is, the development of a method that allows the analysis and com-

parison of both hotel reviews. For the sake of the extraction a pre-existent coding 

script was chosen to perform the scraping, that contained several features to quickly 

setup and extract data from a website. In this phase it was necessary to understand if 

the objective and its influencing factors could be translated into data features and 

instances (Moro et al., 2019). As soon as this was achieved the data needed also to be 

prepared (data cleaning) for model training. 

Next to development was the Demonstration, which was used to verify the effective-

ness of the solution to the problem identified. To achieve this goal, graph plots and 

word clouds or any other most appropriate visualization methods were used in addi-

tion to and a pre-build script to plot the most common words from the hotel reviews.  

The qualitative measurement of how well the created artefact supports the solution to 

the problem corresponded to the next step, the Evaluation, which involved the use of 

the model previously trained to make predictions versus observations (Moro et al., 

2019). 

And lastly, the communication of the results, whose purpose helped highlight and 

identify the importance of the problem through the dissemination of the developed 

artefact, that is, its usefulness and its relevance to other researchers. 

4 Results 

The discussion of the output results will help clarify of what were the major differ-

ences within the customer reviews between the pre and during COVID-19 restrictions 

on equivalent time periods. In addition, a comparison between capital cities is provid-

ed. 

Fig. 1 represents the number of reviews extracted per year and city. A significant 

reduction can be immediately seen from 2019 to 2020 in both cities. In case of Lon-

don there is, in average, a reduction of 86% on the reviews and Paris with a 95% of 

decrease. Nevertheless on 2020 London had a slight increase between June and Octo-

ber mainly due to ease of lockdown restrictions in that period (Institute for Govern-

ment, 2019), followed then by a second decrease as the number of deaths from Covid-

19 disease were rapidly rising, as per Fig. 2. 
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Fig. 1. Distribution of reviews during 2019/2020 periods 

 

Fig. 2 provides a more detailed insight about the evolution of reviews of TripAdvi-

sor and the number of Covid-19 cases and deaths, reported in each city per month. 

The data from 2019 is also showed to have a fair comparison in the homologous peri-

od. In 2020, an increase in the number of reviews, in London, can be seen during the 

peak of Summer. An increase is also noticeable in Paris but with much less evidence. 

This difference is related to the severity of the restrictions implemented on each city 

which were higher in Paris.  

In fact, this chart allows to determine the periods where each government applied and 

eased the pandemic lockdown restrictions. In the case of London, the ease of re-

strictions started on 23 June 2020 and on 31st of October, England announces second 

national lockdown (Institute for Government, 2019). During this period the number of 

reviews done on TripAdvisor rose compared with the first wave of cases. 

On a same analogy, in Paris, the government eased the restrictions on 14th of June 

2020. On 20th of August France announced that the pandemic was again on the rise 

(Aurore & Blue, 2020). Due to this, there was also a slight increase in TripAdvisor 

reviews but with much less expression, compared to London. 
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Fig. 2. Distribution of reviews and Covid-19 cases/deaths during the 2020 period 

Fig. 3 show the difference in terms of the nationality of the TripAdvisor reviewers. 

The total number of reviewers categorized by nationality and the percentage based on 

the total in each year are compared. The scenario of London, in 2020, is an example 

of expected decrease in the total number of reviewers (87%) and when comparing in 

terms of nationality a significant increase is noticeable on the national tourists of 

about 40%. 

Paris, on the other hand, demonstrates that the city is more visited by the international 

tourists than those living within borders, in 2020. This behaviour could be explained 

by the fact of the collected data being filtered in the English language only. Also, this 

last point can explain the significant decrease in the written reviews on TripAdvisor 

(95%) as it is very likely that, for Paris, there are even more reviews written in 

French. 

 

Fig. 3. Comparison between National and International reviewers per city and year 
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The sentiment analysis part was also included in the mining process of TripAdvi-

sor’s extracted data. Fig. 4, Fig. 5 and Fig. 6 present three different perspectives on 

the analysis of guest satisfaction based on the dimensions chosen for the study that 

were already discussed in previous chapters. 

To evaluate the guest satisfaction, in each review, the sentiment words were drawn, 

and their scores were calculated. A score higher than zero was considered a positive 

review, a score equal to zero a neutral score and finally a score less than zero a nega-

tive one. For example, reviews with the words “helpful”, “greeting”, “friendly”, 

“amazing” got the best scores and reviews with word combinations like “excellent 

space optimization” and “real pleasant surprise” also were classified with best posi-

tive scores. After the identification of the key words for each review, a new classifica-

tion was done using the list of ten dimensions shared in the study. An average was 

then calculated per each dimension based on positive and negative perspectives. 

As per Fig. 4 and Fig. 5, almost every dimension was classified with a positive senti-

ment, in both years. It is possible to see that in Paris during 2020, seasonality nega-

tively impacted the reviewers when scoring their stays. This may be justified by the 

pandemic situation lived during this time. Health measures is another dimension af-

fected by this reason getting 42% of negative reviews. In the case of London, curious-

ly, was not possible to retrieve any feedback referring both seasonality and health 

measures dimensions. 

 

 

Fig. 4. Sentiment perception distribution by dimension over total number of reviews 
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Fig. 5. Sentiment perception average score by dimension, city and year over total number of 

reviews 

Fig. 6 shows another perspective of the dimension analysis. As already referred 

seasonality clearly stands out as the most negative perceived dimension, in 2020. 

Health measures were also classified with low review scores. In 2019 the dimensions 

with poorer review sentiment were related to amenities, hotel facilities and prestige 

and the type of travel of the guests. 

In the other hand, dimensions like the services and value/price were the ones with 

better sentiment classification, in both cases of Paris and London. 

Fig. 6. Sentiment perception by dimension and year over total number of reviews 
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Table 2 contains a summary of the analysis of each of the dimensions discussed. 

Table 2. Effects on customer satisfaction 

Effect on customer satisfaction 
Dimension Paris London 

Services 

In general, services 

have a positive effect on 

the guests; 2019 – the 

best rated dimension; 
2020 – the worst rated. 

The dimension has also a 

positive perceived value on 

customer; 2019 – best rated 

than in 2020 (with a neutral 
feedback). 

Amenities 

74% of positive feed-

back in both years. No 

negative effect perceived 

by guests. 

2020 – the second-best 

rated dimension; 2019 – the 

second worst rated dimen-

sion. Nevertheless, the aver-

age positive rating is greater 

than the negative feedback. 

Health measures 

2019 – top negative 

rated dimension; 2020 – 

second negative rated 

dimension along with 

Cleanliness. 

No feedback extracted. 

Hotel facilities 

Third negative dimen-

sion in 2019; Mostly 
rated positive in 2020. 

Positive rating in general. 

Location 

Increase of 17% of 

negative rating value in 

2020 compared to 2019. 

100% positive feedback. 

Value/price 

Top positive rated di-

mension in 2020 and in 

overall. 

Second best positive rated 

dimension. 

Cleanliness 
Second most negative 

rated dimension 

Top positive rated dimen-

sion in 2019. 

Type of travel 
More decisive for 

travelling in 2019. 

More decisive for travel-

ling in 2019. 

Hotel prestige 
Mostly rated positively 

in 2020. 

Positive rating improve-

ment from 2019 to 2020. 

Seasonality 
Mostly negative per-

ceived by guests in 2020. 

No feedback retrieved 

from analyzed guests reviews. 
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5 Conclusion 

The main objective of this study was to understand what travellers are seeking 

nowadays during the current pandemic that we are all living. From the results and 

analysis done on the data mining process it was possible to understand some aspects 

of the behaviour, profile and most importantly how guests are now perceiving the 

effect of COVID-19 pandemic in their hotel stays in two major capital cities being 

this the major research question of this investigation. 

A guest satisfaction method was proposed demonstrating that most of the reviews 

(55%) done on TripAdvisor on 2020 showed a positive perception, despite the 

COVID-19 pandemic when comparing to 2019. 

Some limitations were also felt during the analysis and data extraction that could not 

allow for a deeper investigation on some interesting hypothesis. The need of travel 

insurance has raised with the pandemic or the existence of a full refund option in case 

of travel cancelling could be some examples. To achieve this, it could be worth to 

perform a deeper analysis into the TripAdvisor reviews data such as extracting the 

day guests book their travel. Despite not being a mandatory field, it could lead to the 

testing of other hypotheses such as if the fear of confinement leads visitors to book 

their travels only on the same day they will actually travel. 
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